Abstract: This paper explored a new approach regarding social vulnerability to climate change, and measured social vulnerability in three parts: (1) choosing relevant indicators of social vulnerability to climate change; (2) based on the Hazard Vulnerability Similarity Index (HVSI), our method provided a procedure to choose the referenced community objectively; and (3) ranked social vulnerability, exposure, sensitivity, and adaptability according to profiles of similarity matrix and specific attributes of referenced communities. This new approach was applied to a case study of the Yangtze River Delta (YRD) region and our findings included: (1) counties with a minimum and maximum social vulnerability index (SVI) were identified, which provided valuable examples to be followed or avoided in the mitigation planning and preparedness of other counties; (2) most counties in the study area were identified in high exposure, medium sensitivity, low adaptability, and medium SVI; (3) four cities, Shanghai, Nanjing, Suzhou, and Hangzhou were much less vulnerable than others due to their high adaptability; (4) to some extent, there were geographical similarities of SVI, exposure index, sensitivity index, and adaptability index; and (5) the indicator of "Employees in primary industry" related to SVI the most, the indicator of "Renter" related to exposure index (EI) most, the indicator of "Elderly" related to sensitivity index (SI) the most, and the indicator of "Urban residents" relates to adaptability index (AI) most. These results can help decision makers find the focus of their mitigation works, where the efficient of practices will then be improved.
Introduction
In recent decades, changes in climate including increases in warm temperature extremes, extreme high sea levels, and extreme weather events have threatened both natural systems and human society [1] . It should be noted that the economic losses and fatalities caused by climate change are not equally distributed among and within nations, regions, and communities [2, 3] . It is certain that already vulnerable groups of people such as children and the elderly, lower socioeconomic persons, those with pre-existing health conditions, or communities with a high climate risk of exposure such as those living in low-lying areas, will be disproportionately affected by the impacts of climate change [2] . In China, the mainland continuous coastline measures about 18,000 km on the western shore of the Pacific Ocean [4] . It is acknowledged that in particular, the coastland below five meters is exposed to climate change and related hazards. Such a high-risk area in China is about 14.39 million km 2 and has more than 70 million inhabitants [5] . The State Oceanic Administration of China has found that the annual rate of China's sea level rise reached 3.2 mm from 1980 to 2016, much higher than the average rate of the world, and the sea level in 2016 was the highest during this period [6] . Such rapid rates of rising sea level will bring to this country even more storm surges, flooding and sea erosion; furthermore, it will exacerbate the damage from these climate-related hazards. Located halfway along China's eastern coastline, the Yangtze River Delta (YRD) is considered to be a high-risk area of climate change. It has been indicated that the YRD along with the Yellow River Delta and the Pearl River Delta are the most vulnerable coastal regions in China [7] . Therefore, a good trial of social vulnerability assessment is required so that the vulnerable regions or groups can be identified and given more attention. This paper focused on China's social vulnerability to climate change and explored a modified approach based on the method of the Hazard Vulnerability Similarity Index (HVSI) [8] . The remainder of the paper is organized as follows. Section 2 of this paper situates the research within the literature that is directly relevant to social vulnerability to climate change or natural hazards, clarifies the methodologies for assessment, and describes their limitations; it also provides the whole process for assessing social vulnerability with our modified similarity-based method, and presents it in our case study of the Yangtze River Delta (YRD) region. Section 3 presents a detailed analysis of the study results on social vulnerability to climate change. Section 4 concludes with a discussion of our findings and some recommendations for future research and practices in assessing social vulnerability to climate change.
Materials and Methods

Definition
As this paper focused on vulnerability to climate change, the Intergovernmental Panel on Climate Change's (IPCC) definition of vulnerability was adopted in this context: vulnerability is the degree to which a system is susceptible to, or unable to cope with the adverse effects of climate change including climate variability and extremes [9] . In the field of climate change, vulnerability is often classified into biophysical vulnerability and social vulnerability [10, 11] . Biophysical vulnerability describes the characteristics of a natural system. Social vulnerability is an a priori condition and an inherent state of people, organizations, and society, which is determined by socio-economic factors. It always relates to both their sensitivity and adaptability to the adverse impacts from climate varieties or multiple hazards [12, 13] . Both theoretical research and field-based case studies indicate that social vulnerability is multi-faceted in nature and consists of various dimensions of a social system, for example, social, economic, cultural, institutional, structural, and so on [13] [14] [15] . Essentially, social vulnerability in the context of climate change is produced by social stratification and the social inequalities nested in all these dimensions [16] .
Traditional Methods for Social Vulnerability Assessment
The results of the existing literature in climate change, particularly in the natural hazards associated with climate change, show that a methodology of developing a composite index of social vulnerability based on some relevant indicators has been accepted by most scholars and has become a popular paradigm in social vulnerability assessment [17] [18] [19] . In general, there are two primary approaches applied for measuring the social vulnerability index: the deductive approach and the inductive approach.
The deductive approach is an approach driven by theory and is based on existing scientific knowledge.
These theories, or scientific knowledge such as conceptual frameworks, are about the nature and causes of social vulnerability and are always used for identifying its relevant variables [20] [21] [22] . For example, after proposing the famous model of "hazards-of-place", Cutter et al. (2000) chose eight relevant variables to quantify the social vulnerability of residents living in hazardous zones in Georgetown County, South Carolina [23] . Grounded in the existing literature, Wu et al. (2002) used nine important variables for evaluating social vulnerability to sea level rise in a GIS-based methodology and applied it in Cape May County, New Jersey [24] . With knowledge of flood damage, Zahran et al. (2008) only chose three crucial variables including "minority", "economic status", and "female-headed households with children" to estimate the relationship between social vulnerability and flood casualties [25] . Based on the literature of geological disasters, Hou et al. (2016) applied Data Envelopment Analysis (DEA) to study the social vulnerability to China's geological disasters, and only 11 variables were used [26] . When reviewing the literature on Hurricane Katrina, Maharani and Lee selected 12 variables for evaluating social vulnerability to typhoon hazards in the South of Korea [27] . The deductive approach is characterized by expert knowledge and less indicators, hence, subjectivity is inevitably added into the process of indicator choice, particularly in the case of data unavailability [28] .
The inductive approach is a data-driven approach that generally relies on their statistical relationships with the vulnerability outcomes that can be observed [20, 29] . Even though it also selects variables drawn from the vulnerability literature, the inductive approach is characterized by a large number of potential indicators mentioned in the literature, and final selection may be determined by Principle Components Analysis (PCA) or other statistical methods [30, 31] . Cutter et al. (2003) originally collected more than 250 variables that characterized social vulnerability. With PCA, they derived 42 variables to measure the social vulnerability of all counties in the United States [3] . Following Cutter's research in the US, many other scholars have examined social vulnerability to specific hazards or stressors. Wood et al. (2010) selected 42 variables in the original social vulnerability indicator derivation and ultimately applied 29 variables in PCA to study the community social vulnerability of tsunamis in the Northwest of America [32] . Wang and Yarnal (2012) selected 64 variables to explore the correlation of vulnerability and the elderly to hurricane hazards with a case study in Sarasota County, Florida [33] . Guillard-Gonçalves et al. (2015) chose 46 variables to develop a social vulnerability index of 149 civil parishes of Great Lisbon with PCA [34] . Following the hazard-of-place model, used multiple proxy variables to calculate social vulnerability with Factor Analysis (FA) [35] . Mendes (2017) also applied PCA to estimate social vulnerability in the Centre Region of Portugal. In his study, 76 variables were originally used and 50 were retained [36] .
With respect to the above-mentioned descriptions, some weaknesses can still be found in the traditional methods for measuring the social vulnerability index. For example, the question of how to balance increasing the number of input variables and reducing subjectivity has become a bottleneck problem in developing social vulnerability assessments. The deductive approach applies less variables to assess social vulnerability; however, it inevitably adds more subjectivity into the process of indicator choice. The inductive approach adds less subjectivity in the social vulnerability assessment, but requires a larger set of metrics to construct the composite index. As Stafford concluded, in general, most studies applying PCA used variables between 25 and 40, and he also found that there was a tendency to include more and more variables into the social vulnerability assessment [17] . However, most variables constructing an SVI have weak explanatory power in predicting actual outcomes. Additionally, though dividing an SVI into key dimension indexes (e.g., exposure index, sensitivity index, and adaptability index) is a feasible remedial measure, applying too many variables for developing an SVI still reduced the interpretability of the composite index. Therefore, practitioners or managers will be confused as to how to target changes in a single indicator influencing the index, which lessens the tangible contribution made by the SVI method [8] .
Alternative Methods for Social Vulnerability Assessment
Fortunately, two innovative categories of alternative methods to the SVI have emerged in the literature of social vulnerability assessment: first, the measurement of social vulnerability with a similarity method [8] ; and second, the identification of social vulnerable regions with a k-means clustering method [17] . A good example of the first type was a study of vulnerability made by Chang. In 2015, Chang et al. proposed a method to develop a Hazard Vulnerability Similarity Index (HVSI) of administrative districts in British Columbia. Rather than calculating and ranking each community with the values of social vulnerability, this HVSI method only used vulnerability indicators to measure the similarity of places to find commonalities or differences of social vulnerability among places. Similarity can be roughly described to quantify the likeness between two or more objects in statistics and other related fields. It was first developed by biologists to compare vegetation patterns in different locations [37] . Studies of similarity have been overwhelmingly explored and are widespread in various scientific fields [38, 39] , for example, in ecology, similarity measures have been used to assess similarity or interspecific relationships between ecological communities on their species composition [40, 41] . In the field of semantics, this method is used to identify concepts or terms having common "characteristics" by defining a topological similarity [42] . In the graph field, similarity measures are applied to quantify the structural similarity for two different graphs [43, 44] . In the context of fuzzy set theory, measuring similarity among fuzzy subsets has been developed and applied in management, medicine, and meteorology [45] . In biology, similarity measures are used to find the sequence similarity between gene profiles [46, 47] . In psychology, similarity measures are applied to study personality profiles [48] . Furthermore, similarity is seen as a real-valued function on the numerical distance between multiple data objects and is typically represented as a numeric range from 0 through 1. Generally, this value is computed based on Euclidean distance, the Pearson correlation coefficient, Salton's Cosine formula, the Jaccard Index, Gower's similarity coefficient, and so on. Of these, Gower's similarity coefficient is able to handle mixed data types at the same time such as continuous, ordinal, or categorical variables. Chang also pointed out that the similarity method is helpful for a comparison of communities, knowledge transfer, and information propagate, that can ultimately reduce the gap between knowledge and practice in reducing climate-related risk.
As an example of the second type, Stafford and Abramowitz applied cluster analysis (e.g., k-means) to target socially vulnerable places. Rather than reducing the data matrix to a single ordinal value like the traditional methods always do, this alternative method groups similar observations into clusters that share common characteristics, and based on the characteristics of each cluster, researchers can further judge whether places in that cluster are socially vulnerable. This method considers factors holistically, for example, an indicator that may contribute little to urban vulnerability, but would certainly affect rural vulnerability, can be included in the process of assessment. However, limitations also exist in cluster analysis. This method requires that researchers subjectively judge the relative importance of various indicators and the number of clusters. Additionally, this method can only provide cluster patterns, and cannot rank each place by degree of social vulnerability.
In this paper, we proposed our method for social vulnerability assessment with the HVSI approach modified by objectively choosing the reference communities and ranking the social vulnerability of community relatively with the deviation of similarities.
Study Area
The Yangtze River Delta (YRD) region in China served as the study area for this research. Geographically, the YRD is the natural alluvial plain formed by the Yangtze River and the Qiantang River. It refers to the region located south of the Nantong-Yangzhou Canal, north of the Qiantang River and Hangzhou Bay in Zhejiang Province, east of Nanjing in Jiangsu Province, and west of the coast (118 [49] . The YRD covers an area of more than 112,000 square kilometers, among which, 85.3% of the region is flat plain with an average elevation of 83.3 m and the rest is a mountainous area lying in the southwest [50] . The YRD region encompasses Shanghai Municipality, eight cities in the central and south parts of Jiangsu Province (e.g., Yangzhou, Taizhou, Nantong, Nanjing, Zhenjiang, Changzhou, Wuxi, and Suzhou), and seven cities in the northern and eastern parts of Zhejiang Province (e.g., Huzhou, Jiaxing, Hangzhou, Shaoxing, Ningbo, Zhoushan, and Taizhou). These 16 cities governing 139 counties (or city districts) make up this region ( Figure 1 ). We selected the YRD region as our case study due to its high risk to climate change in China as above-mentioned. First of all, a significant urban heat island (UHI) effect in this area coupled with the potential impacts of global warming have led to an increase of the surface temperature by 0.53 °C in summer in the major cities [51] . Specifically, the average temperature in Shanghai has risen 2.53 °C in the past 50 years, which is four times more than the global average temperature [52] . Since 1990, the average temperature in Shanghai has increased 0.73 °C, and that of other cities has increased 0.23 °C per decade [53] . Second, apparent land subsidence in this area has been detected due to its intensive human and economic activities. Over the past three decades, land with accumulated sediment over 200 mm was nearly 10,000 km 2 , which covers one-third of this area. This land subsidence coupled with the low-lying nature of the terrain makes this region face accelerated effects of a rise in sea level. the Intergovernmental Panel on Climate Change's (IPCC) pointed out that the sea level in the YRD region had been rising at a faster rate than other regions in China from 1978-2007 [54] . In particular, the sea level by the estuary near Shanghai has risen by 11.5 cm in the past 30 years, and it will rise 360-380 mm per year by 2030. Additionally, the sea level in the YRD will rise 210-230 mm between 2030 and 2050 [53] . Third, the YRD region has seen an upward trend of the severity and frequency of weather and climate disasters. Flood is taken as an example, because it affects the YRD the most. The YRD region was hit by catastrophic floods in 1991, 1998, and 1999 [55] . At the same time, a significant upward trend of flood risk was observed in this area. In Nanjing, from the 1920s to the 1990s, the precipitation in flood season increased from 433.4 to 850.7 mm and the frequency of storms increased from 5.2 times to 7.8 times per year [53] . As for the whole region, since the 1990s, the tendency of extreme precipitation events has continued to increase under the background of climate change [50] . More detail on weather damage and climate disasters in the YRD are described in Table 1 . We selected the YRD region as our case study due to its high risk to climate change in China as above-mentioned. First of all, a significant urban heat island (UHI) effect in this area coupled with the potential impacts of global warming have led to an increase of the surface temperature by 0.53 • C in summer in the major cities [51] . Specifically, the average temperature in Shanghai has risen 2.53 • C in the past 50 years, which is four times more than the global average temperature [52] . Since 1990, the average temperature in Shanghai has increased 0.73 • C, and that of other cities has increased 0.23 • C per decade [53] . Second, apparent land subsidence in this area has been detected due to its intensive human and economic activities. Over the past three decades, land with accumulated sediment over 200 mm was nearly 10,000 km 2 , which covers one-third of this area. This land subsidence coupled with the low-lying nature of the terrain makes this region face accelerated effects of a rise in sea level. the Intergovernmental Panel on Climate Change's (IPCC) pointed out that the sea level in the YRD region had been rising at a faster rate than other regions in China from 1978-2007 [54] . In particular, the sea level by the estuary near Shanghai has risen by 11.5 cm in the past 30 years, and it will rise 360-380 mm per year by 2030. Additionally, the sea level in the YRD will rise 210-230 mm between 2030 and 2050 [53] . Third, the YRD region has seen an upward trend of the severity and frequency of weather and climate disasters. Flood is taken as an example, because it affects the YRD the most. The YRD region was hit by catastrophic floods in 1991, 1998, and 1999 [55] . At the same time, a significant upward trend of flood risk was observed in this area. In Nanjing, from the 1920s to the 1990s, the precipitation in flood season increased from 433.4 to 850.7 mm and the frequency of storms increased from 5.2 times to 7.8 times per year [53] . As for the whole region, since the 1990s, the tendency of extreme precipitation events has continued to increase under the background of climate change [50] . More detail on weather damage and climate disasters in the YRD are described in Table 1 . The YRD is the most urbanized region with the highest population density in China. In 2014, the YRD had a total population of 138.06 million, about 7.06% of China's total. Furthermore, the population density reached 1684 people per km 2 , which was almost 12 times the national population density. The YRD is also a rich and prosperous region with the fastest economic growth, largest economic scale, and has the strongest development potential in China [49] . In 2014, the regional Gross Domestic Product (GDP) was 1732.59 billion US dollars, making up nearly 16.66% of China's total GDP and 25% of the national revenue. Undoubtedly, this region contributes to about one-third of every percentage point of China's economic growth and has been the engine for China's reform and development [57] . More details about the social-economic conditions in the Yangtze River Delta region are displayed in Table 2 . 
Selection of Vulnerability Indicators
Different locations or different groups in the same location may experience vulnerability at different levels. In line with the IPCC assessment reports, social vulnerability to climate change can be understood as a function of three basic dimensions: exposure, sensitivity, and adaptive capacity [58] . Hence, all indicators for social vulnerability assessment will be classified based on these dimensions. The indicators belong to two dimensions such as exposure and sensitivity that are considered to add social vulnerability, that is, they have a positive effect on the SVI ("+" in Table 3 ). The left indicators belong to the dimension of adaptive capacity and have a negative effect on the SVI ("−" in Table 3 ). There is a subclass between the indicators and dimensions: factor. Every factor describes the common attributes of all indicators that belong to it. Based on the 2010 China Civil Affairs Statistical Yearbook, the 2010 statistical yearbooks of each city published by the respective Statistical Bureaus, the sixth national population census in 2010, and other relevant statistical databases, we selected 24 county-level indicators after referring to the literature regarding social vulnerability to climate change. Table 3 shows the information of the indicators in detail. Before conducting the modified similarity-based approach, we first normalized all the variables (as commonly done in similar research) to avoid the confounding effect from using variables of different scales. In addition, the data type of every indicator was continuous. [64] . + 16 Unemployed They are more likely to be exposed to hazardous environmental changes and take fewer precautions and recovery actions [64] . + 17 Renter They lack sufficient shelter options and access to information of aid [3] . +
18
Immigrates from other provinces The unfamiliar environment limited their access to aid [12] . + 19 GDP per capita Wealth enables the residents to absorb and recover from losses quickly [3] . − Economic adaptability Adaptability 20 Higher education graduate Higher education links to higher socioeconomic status and more access to prevention and recovery [59] . − Individual adaptability 21
Urban residents Rural residents depend more on resource extraction economies affected by climate change largely [3] . −
22
Beds in hospital per 1000 people Sufficient medical services including beds and physicians will help relief and recovery in mitigation [3] .
−
Health care infrastructures 23
Physicians in hospital per 1000 people −
24
Employees in management sector Management services can alleviate the potential losses and improve the resilience of communities [65] . − Management services
Note: "+" indicates the indicator tends to increase social vulnerability; "−" indicates the indicator tends to decrease social vulnerability.
A Modified Similarity-Based Methods
Chang et al. (2015) proposed a method to develop a Hazard Vulnerability Similarity Index (HVSI), which was novel and valuable to the social vulnerability assessment. However, there are some drawbacks when using this method. First of all, when comparing the similarity of places, it is critical to determine which community should be referenced; however, no criterion or approach has been introduced to choose the focus community. Second, an index about completeness ranging from 0 to 1 is displayed in the HVSI method. Though this completeness index can describe the degree of completeness of the data, there is still confusion as to how to resolve the problem on data incompleteness with this index and how to improve the HVSI method. In this paper, a modified similarity-based measure was proposed that aimed at the first problem.
•
Step 1: calculate the Exposure Similarity Index (ESI), Sensitivity Similarity Index (SSI), Adaptability Similarity Index (ASI), and Vulnerability Similarity Index (VSI).
ASI(x, y) =
VSI(x, y) =
where x and y represent two different counties; n 1 , n 2 , n 3 , and n 4 describes the number of exposure, sensitivity, adaptability and vulnerability indicators, respectively. Thus, according to Table 1 , n 1 = 9, n 2 = 9, n 3 = 6, n 4 = 24, and n 4 = n 1 + n 2 + n 3 . ESI, SSI, ASI, VSI ∈ [0, 1], 0 indicates x and y are not at all similar, and 1 shows x and y are completely similar. The value of s i (x k , y k ), i = 1, 2, 3, 4 denotes the similarity between the kth indicator of county x and y. The value of w i (x k , y k ), i = 1, 2, 3, 4 means the weighing of the kth indicator, and is usually 1 or 0 depending on whether the comparison is valid for the kth indicator. Both s i (x k , y k ), i = 1, 2, 3, 4 and w i (x k , y k ), i = 1, 2, 3, 4 are defined for different data types and explained in detail in Chang [8] . Considering there was only one type, the continuous data, collected in this study, we defined s i (x k , y k ), i = 1, 2, 3, 4 and w i (x k , y k ), i = 1, 2, 3, 4 as follows:
where R k is the range of values for the kth indicator.
Step 2: choose the reference community objectively.
Construct the matrixes of Exposure Similarity Index (ESI), Sensitivity Similarity Index (SSI), Adaptability Similarity Index (ASI), and Vulnerability Similarity Index (VSI) after computing all the pairwise similarities between counties in our study. As the following step considering these four matrixes are the same, we will use the VSI matrix as an example.
If v ij (1 < I < m, 1 < j < m) is the minimum of the VSI matrix, then it shows that county i and county j are the most dissimilar to each other. Thus, one of them may be the minimum of vulnerability in this study area, and then, the other is the maximum of social vulnerability among the 139 counties. Both of these can be chosen as our reference community. Results showed that "Binjiang District" of Hangzhou City and "Xianju County" of Taizhou City were the most dissimilar to each other. According to our relevant research in this study area and local studies on risk management, Xianju County should be the most vulnerable community, and Binjiang District the least vulnerable community [66] . That is, VSI i,max is the similarity value between the ith county and Xianju County, VSI i,min is the similarity value between the ith county and Binjiang District.
Similarly, based on matrixes of ESI, SSI, and ASI, it was found that Huangpu District of Shanghai was the least exposed and Baoying County of Yangzhou was the most exposed; Haimen County of Nantong was the least sensible community and Yuhuan County of Taizhou (Z) was the most sensible community; Xinghua County of Taizhou (J) lacked the most of adaptability, and Shangcheng District of Hangzhou was the most adaptable. Hence, the reference communities of ESI, SSI, and ASI were all identified.
•
Step 3: calculate the Social Vulnerability Index (SVI), Exposure Index (EI), Sensitivity Index (SI), and Adaptability Index (AI) based on similarity index matrixes.
Using the VSI matrix as an example again, if a county was more similar to Xianju County, then it was more vulnerable. Inversely, if a county was more similar to Binjiang District, then it was less vulnerable. Therefore, the social vulnerable index (SVI) of counties can be calculated as follows:
Similarly, EI, SI, and AI can be calculated as follows:
Results
Our results support the idea that social vulnerability can help decision makers find the focus of their mitigation works, where the efficiency of practices will then be improved. First of all, based on the ESI, SSI, ASI, and VSI matrixes, the referenced communities were found (Table 4 ). According to our relevant research in this study area, practical works of local risk management and the statistical data in the "Atlas of Natural Disaster in China", it was easy to compare these referenced communities. In detail, it was deduced that the SVI of Xianju County was definitely worse than Binjiang; then, Xianju County was the most vulnerable community, and Binjiang District was the least vulnerable community. Huangpu District of Shanghai was exposed less than Baoying County of Yangzhou; then, the former was the minimum and the latter the maximum. Similarly, Haimen County of Nantong was the least sensible community and Yuhuan County of Taizhou (Z) was the most sensible community; Xinghua County of Taizhou (J) lacked the most adaptability, and Shangcheng District of Hangzhou was the most adaptable [56, 66] . Aside from helping calculate EI, SI, AI, and SVI in the process of assessment, this result is extremely useful for risk managers to bridge their professional knowledge and practice in their mitigation works. In detail, if managers of a district or county plan to reduce exposure, they can refer to the portfolio of Huangpu. The exposure of Huangpu District was the least that was calculated. If they want to reduce sensitivity, Haimen provides a good example. Furthermore, if they focus on improving local adaptability, they can follow the development of Shangcheng. Of course, if they plan to reduce social vulnerability directly, the portfolio of Binjiang District is worth taking into account. Table 5 shows the general statistics about exposure index (EI), sensitivity index (SI), adaptability index (AI) and social vulnerability index (SVI) of all counties in the Yangtze River Delta (YRD). More details can be found in Figure 2 . In this figure, counties from 1-18 belong to the Municipality of Shanghai, which are located in the purple zone, numbers 19-84 belong to Jiangsu Province that are located in the yellow zone, and numbers 85-139 belong to Zhejiang Province, which are located in the green zone. According to Figure 2 , several conclusions can be drawn. First, the condition of the counties' adaptability was different based on the condition of exposure, sensitivity, and social vulnerability. In detail, from Shanghai, Jiangsu to Zhejiang, the trend of the adaptability index was decreasing, which meant that adaptability in Zhejiang Province was the worst, and adaptability in Shanghai was the best. However, the other three indexes all displayed an ascending order. Hence, exposure and social vulnerability in Shanghai were less than those of Jiangsu Province, and the exposure, sensitivity, and social vulnerability of Jiangsu Province were less than those of Zhejiang Province. Moreover, this picture of SI showed that many counties of Jiangsu Province (e.g., numbers 60-84) were less sensitive than that of the Shanghai Municipality and Zhejiang Province. Second, the average value of EI was the highest (0.707) and the average value of AI was the lowest (0.323). The average value of SI was 0.459 and the average value of SVI was 0.507. Thus, in general, counties in the study area had high exposure, medium sensitivity, low adaptability, and medium SVI. This result corresponded to the reality of the YRD region we alluded to previously: it is one of the most threatened by climate change in China. Third, the standard deviation of AI was the highest (0.236), while the value of EI was the lowest (0.125), which indicated there were the least differences in EI among all counties in the study area, but among them AI varied the most. Therefore, developing adaptability of the YRD region should be one of the most important and efficient works in the process of reducing social vulnerability to climate change. Figure 3a shows the spatial pattern of SVI of 16 cities in the YRD region. Taizhou of Jiangsu Province and Taizhou of Zhejiang Province are the most vulnerable to climate change. Adjacent to them, the cities of Yangzhou, Nantong, Shaoxing, and Ningbo are more vulnerable than the others. Suzhou and Shanghai together form the low zone of the SVI map. Cities of Nanjing, Zhenjiang, Changzhou, and Wuxi form a medium zone of the SVI map. Furthermore, the other medium zone located in the cities of Huzhou, Jiaxing, and Hangzhou. In conclusion, from the low zone (Suzhou and Shanghai) to the south or north, the SVI increased. In addition, the distribution of EI, SI, AI, and SVI is displayed in Figure 3b from the cities in the northern part to cities in the southern part of the YRD region. First, the average values of EI were higher than the other three indexes, which again proves that the exposure to climate change in the YRD region is serious. Second, the distribution of EI, SI, and AI was similar to the SVI. Generally, Yangzhou, Taizhou, and Nantong belonged to one kind; Nanjing, Changzhou, Wuxi, Suzhou, and Shanghai were very similar; the cities of Zhejiang Province including Huzhou, Jiaxing, Hangzhou, Shaoxing, Ningbo, Zhoushan, and Taizhou (Z) were likely to be clustered. It should be noted that variation of AI was the largest: the values in the big cities (e.g., Nanjing, Wuxi, Suzhou, Shanghai, and Hangzhou) were all much higher than the other cities. This AI result relates closely to the economic characteristics of cities as shown in Table 2 , where the correlation coefficient between the AI and GDP of cities reached 0.84. Third, as is known, only adaptability was negatively correlated with social vulnerability, but the adaptability performance of the 16 cities' performance was not as good: AI was much less than the SI and EI (except for Shanghai). This led to the SVI of 16 cities in the YRD region being high. However, it is worth noting that the four cities of Shanghai, Nanjing, Suzhou, and Hangzhou were much less vulnerable than the others due to their high adaptability. Figure 3a shows the spatial pattern of SVI of 16 cities in the YRD region. Taizhou of Jiangsu Province and Taizhou of Zhejiang Province are the most vulnerable to climate change. Adjacent to them, the cities of Yangzhou, Nantong, Shaoxing, and Ningbo are more vulnerable than the others. Suzhou and Shanghai together form the low zone of the SVI map. Cities of Nanjing, Zhenjiang, Changzhou, and Wuxi form a medium zone of the SVI map. Furthermore, the other medium zone located in the cities of Huzhou, Jiaxing, and Hangzhou. In conclusion, from the low zone (Suzhou and Shanghai) to the south or north, the SVI increased. In addition, the distribution of EI, SI, AI, and SVI is displayed in Figure 3b from the cities in the northern part to cities in the southern part of the YRD region. First, the average values of EI were higher than the other three indexes, which again proves that the exposure to climate change in the YRD region is serious. Second, the distribution of EI, SI, and AI was similar to the SVI. Generally, Yangzhou, Taizhou, and Nantong belonged to one kind; Nanjing, Changzhou, Wuxi, Suzhou, and Shanghai were very similar; the cities of Zhejiang Province including Huzhou, Jiaxing, Hangzhou, Shaoxing, Ningbo, Zhoushan, and Taizhou (Z) were likely to be clustered. It should be noted that variation of AI was the largest: the values in the big cities (e.g., Nanjing, Wuxi, Suzhou, Shanghai, and Hangzhou) were all much higher than the other cities. This AI result relates closely to the economic characteristics of cities as shown in Table 2 , where the correlation coefficient between the AI and GDP of cities reached 0.84. Third, as is known, only adaptability was negatively correlated with social vulnerability, but the adaptability performance of the 16 cities' performance was not as good: AI was much less than the SI and EI (except for Shanghai). This led to the SVI of 16 cities in the YRD region being high. However, it is worth noting that the four cities of Shanghai, Nanjing, Suzhou, and Hangzhou were much less vulnerable than the others due to their high adaptability. For the whole YRD region, more detailed information can be seen in the spatial patterns of EI, SI, AI, and SVI ( Figure 4 ). Based on Figure 4 , several conclusions can be drawn. First, although the deviation of EI in the YRD region was low according to Figure 2 , obvious variations still can be found in the spatial patterns. High EI was observed in the northern part of the YRD region, for example, the cities of Yangzhou, Taizhou, and Nantong; the western part including parts of Nanjing, Zhenjiang and Changzhou, and parts of Hangzhou City. This also indicated that the exposure did not simply relate to the distance from the locations to the coastline.
Second, a high SI emerged in the center of the YRD region such as Wuxi, Suzhou, Shanghai, Ningbo, and Taizhou. However, sensitivity in North Jiangsu Province was low, especially for Haimen County. Therefore, following the portfolio on the dimension of sensitivity in Haimen County is a feasible way to reduce sensitivity in other districts or counties. Compared to the distribution of the other two indexes (EI and AI), the number of counties with high values was less, which means the whole level of sensitivity was not very bad.
Third, low AI could be found in the Northern YRD (e.g., cities of Yangzhou, Taizhou, and Nantong), the Western YRD (some parts of Hangzhou City), and Southern YRD (Shaoxing City and Taizhou City). Based on Figure 4 , it was found that adaptability in most counties was low or mediumlow.
Fourth, an overall high SVI was generally spread across the Northern, Western, and Southern parts of the YRD, especially, the Taizhou city in South Zhejiang Province. Though the sensitivity indexes of the main urban areas in Nanjing, Changzhou, Suzhou, Shanghai, Hangzhou, and Ningbo were high or medium-high, all of them had a low social vulnerability because of their low to medium EI and sufficiently high AI. This has provided another way to reduce social vulnerability: increasing the adaptability of communities can be useful if the exposure and sensitivity are not reduced.
Fifth, to evaluate whether the spatial patterns of four indexes were clustered, dispersed, or random, the Global Moran's I was calculated. It was found that the Moran's I of AI was 0.7196, which was bigger than the others. The next was the Moran's I of SVI (0.7137), which was followed by the Moran's I of EI (0.6232), and that of SI (0.590). Hence, there are geographical similarities to some extent.
Finally, the correlation coefficients of the indicators and indexes were calculated and are shown in Table 6 . Separately, the indicator of "Employees in primary industry" related most to SVI and the indicator of "Ethnic minorities" related to SVI the least. The indicator of "Renter" related to EI the most and the indicator of "Houses with no tap water" related to EI the least. As for SI, the indicator For the whole YRD region, more detailed information can be seen in the spatial patterns of EI, SI, AI, and SVI ( Figure 4 ). Based on Figure 4 , several conclusions can be drawn. First, although the deviation of EI in the YRD region was low according to Figure 2 , obvious variations still can be found in the spatial patterns. High EI was observed in the northern part of the YRD region, for example, the cities of Yangzhou, Taizhou, and Nantong; the western part including parts of Nanjing, Zhenjiang and Changzhou, and parts of Hangzhou City. This also indicated that the exposure did not simply relate to the distance from the locations to the coastline.
Third, low AI could be found in the Northern YRD (e.g., cities of Yangzhou, Taizhou, and Nantong), the Western YRD (some parts of Hangzhou City), and Southern YRD (Shaoxing City and Taizhou City). Based on Figure 4 , it was found that adaptability in most counties was low or medium-low.
Finally, the correlation coefficients of the indicators and indexes were calculated and are shown in Table 6 . Separately, the indicator of "Employees in primary industry" related most to SVI and the indicator of "Ethnic minorities" related to SVI the least. The indicator of "Renter" related to EI the most and the indicator of "Houses with no tap water" related to EI the least. As for SI, the indicator of "Elderly" related to it the most and the indicator of "Higher education graduate" related to it least. Considering AI, the indicator of "Urban residents" related to it most, while the indicator of "Ethnic minorities" related to it least. These results can help decision makers find the focus of their mitigation works to improve the efficiency of practices. of "Elderly" related to it the most and the indicator of "Higher education graduate" related to it least. Considering AI, the indicator of "Urban residents" related to it most, while the indicator of "Ethnic minorities" related to it least. These results can help decision makers find the focus of their mitigation works to improve the efficiency of practices. 
Discussion and Conclusions
A modified approach based on the HVSI method was explored in this paper and a pilot demonstration was provided to illustrate its practical use. The strengths of our method were that first, based on the similarity matrix, our modified method could provide a procedure to choose the referenced community objectively and conveniently. Secondly, our method ranked social vulnerability, exposure, sensitivity, and adaptability according to profiles of the similarity matrix and specific attributes of the referenced community.
With the modified method, our findings are summarized as follows. First, according to the matrixes of Exposure Similarity Index (ESI), Sensitivity Similarity Index (SSI), Adaptability Similarity Index (ASI), and Vulnerability Similarity Index (VSI), the crucial referenced counties were found: Huangpu District, Baoying County, Haimen County, Yuhuan County, Xinghua County, and Shangcheng District. Second, most counties in the study area had high exposure, medium sensitivity, low adaptability, and medium social vulnerability. Third, there were the least differences of exposure among all counties in the study area, but adaptability among them varied the most. Fourth, when focusing on the city-level scale in the Yangtze River Delta, it showed that the adaptability performance of the 16 cities was not so good: adaptability index was much less than sensitivity index and exposure index (except for Shanghai). This led to the social vulnerability of 16 cities in this region being high, whereas the four cities of Shanghai, Nanjing, Suzhou, and Hangzhou were much less vulnerable than the other cities due to their high adaptability. Fifth, there were geographical similarities in separate patterns of the exposure index, sensitivity index, adaptability index, and social vulnerability index. Finally, the indicator of "Employees in primary industry" related to social vulnerability index the most, the indicator of "Renter" related to exposure index the most, the indicator of "Elderly" related to sensitivity index the most, and the indicator of "Urban residents" related to adaptability index the most.
Though this modified method provided a new way for measuring social vulnerability to climate change and climate-related hazards, limitations still exist. First, there is still a lack of a consistent set of metrics to measure social vulnerability to climate change. In this paper, the indicators on the dimension of adaptability was less than the other two dimensions (exposure and sensitivity). Second, the missing data can be accepted and treated in this method theoretically, but the impact on results has not been evaluated apparently and accurately. Considering that data availability in China is one of the most crucial factors affecting indicator selection-especially at the county or town level-it is valuable and necessary to pay more attention to data incompleteness. Regarding the problem of missing data, this will particularly be explored and analyzed in our future study. After that, we will overlay our social vulnerability index with flood maps or other climate-related hazards to explore where vulnerable people are. Finally, validating the results of the social vulnerability assessment has remained difficult until now. Our results in this paper were not validated directly, but can be justified by similar research conducted in the Yangtze River Delta region [66, 67] . Moreover, the results can be proven indirectly by differentiated patterns of socioeconomic status and demographic changes in the Yangtze River Delta region.
